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Soybean (Glycine max) is an important crop worldwide, with utilities as protein source and 
rotation crop. Often, soybean variant discovery is conducted using alignment methods and 
largely yields short variants such as SNP(s) and short indel(s). We conducted variant discovery 
on 481 soybean lines using both alignment and assembly methods. We used the Sentieon 
Haplotyper algorithm for our alignment-based variant calling and Cortex-var for our assembly-
based variant discovery and found many more short variants compared to structural variants: 
medians 2,728,393 and 3,972 variants respectively. Additionally, we provide the user-friendly 
workflow script together with full-documentation for Cortex-var assembly-based variant 
discovery. 
 
Additionally, post variant discovery analysis was conducted with a focus on transposable 
element activities in the same 481 soybean lines. Structural variants were filtered for 
transposable element, and then the transposable elements identified were compared between 
elite soybean lines and Glycine soja lines, and then the transposable element activity of G. soja 
lines was statistically higher compared to the soybean elite lines. Consequently, it is possible to 
distinguish the difference between elite soybean lines, landraces, and G. soja lines through 
structural variant information. It was also found that some transposable elements that might be 
potentially disrupting genes with functions such as carbohydrate metabolism and embryo 
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CHAPTER 1: SHORT AND STRUCTURAL VARIANT DISCOVERY IN 
481 SOYBEAN GENOMES 
 
BACKGROUND AND MOTIVATION 
Motivation 
Advancement in next-generation sequencing technology has led to large-volume, whole-
genomic sequencing projects that allow studies to be conducted through discovery of novel 
variants. Novel variant discovery plays a major role in a large number of plant genetics projects, 
ranging from gene characterization, trait improvements and population genetic studies, thus 
motivating our study. We choose soybean (Glycine max) and its close relative Glycine soja as 
our subject for its many utility values incorporated within cultures across the globe, including as 
a rotational crop and major protein source in many parts of the world (Feigin et al. 1974, Quak 
et al. 1998). In chapter one, we describe our exploration and gene variant discovery process for 




Genotyping is the process of obtaining the information on the genetic makeup of an individual. 
Once the genetic information of a subject is collected, parts of the genetic datasets are often 
statistically correlated with traits observed, providing powerful means to correlate genetic 
information with phenotypes through techniques such as molecular marker-assisted breeding 
and functional genomics. These statistically correlated regions are often called “molecular 
markers”. Over the years, many studies have shown success in using different methods of 
genotyping and developing molecular markers, in addition to characterizing the linkage-
disequilibrium (LD) among sets of markers. Soybean is an important crop in many regions of the 
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world, hence numerous scientists have worked on optimizing these computational analyses 
resulting in multiple different genotyping methods for soybean (McCarroll et al. 2006). 
 
Microsatellites 
Microsatellite DNA markers are documented to be highly useful as markers for soybean traits 
(Rongwen et al. 1995). Also known as simple-sequence-repeat (SSR), a microsatellite site can 
contains a tandem, repeating simple sequence of length 2 to 5 base pairs. Microsatellites are 
thought to arise by a slippage of DNA polymerase when replicating these regions, resulting in a 
heritable DNA sequence modification that will exist for the subsequent generations (Bubendorf 
et al. 2008). Microsatellite sites are fairly easy to detect after understanding the sequences 
around the sites. A documented method of detecting microsatellite involves placing PCR 
(Polymerase Chain Reaction) primers on the adjacent or “flanking” regions (Meglécz et al. 
2007). The microsatellite site is then amplified, purified, and analyzed by gel electrophoresis. 
Samples with more repeats will have a larger band and will migrate more slowly through the gel 
matrix, being closer to the cathode side of the gel for easy visual identification of a 
polymorphism between samples. Due to the large possible variation of repeats of a single site 
this type of marker is highly polymorphic and has been documented to be very useful in 
fingerprinting samples by not requiring many different sites (Girish & Barbuddhe. 2019). 
 
The presence of polymorphic microsatellites in a population provides geneticist with a useful 
tool. For example, a study demonstrated gene mapping for soybean mosaic virus resistance 
using microsatellites (Yu et al. 1994). The study found SSR sites in an F2 population of PI 96983 
(resistant) crossed with Lee 68 (susceptible) that are closely linked with the Rsv gene, a 
resistance gene for soybean mosaic virus. Another study documented the utility of 
microsatellites in soybean cultivar characterization. Due to their high polymorphic nature, 186 
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Brazillian cultivars were able to be characterized using twelve microsatellite sites, with 5.3 
alleles per site on average (Priolli et al. 2002). 
 
SNPs 
Single nucleotide polymorphisms (SNPs) are single-base mutations due to transition or 
transversion and are very useful as genetic markers. Numerous studies in many different 
genomes (including human and soybean) use SNPs a marker of choice due to their abundance 
across genomes (Marth et al. 1999, McCarthy & Hilfiker 2000, Zhu et al. 2003). Unlike 
microsatellites, SNPs are not as highly polymorphic since it is only a single base. However, 
SNPs are still highly informative in genetic studies due to their abundance and ease of 
detection.  
 
For known SNP detection, SNP arrays are commonly used (Kennedy et al. 2003). SNP arrays 
contain numerous probes, which are designed to hybridize specifically to genome fragments 
with a perfect match. For a single site, multiple different probes are designed specifically to 
hybridize to the possible alleles. An example of a soybean SNP array, SoySNP50K, contains 
probes for more than 50,000 different sites in the soybean genome. SoySNP50K SNP arrays 
are designed to be versatile and is designed to have SNPs equally distanced to each other, with 
most SNPs targeting euchromatic regions, some SNPs targeting heterochromatin, and a small 
number of SNPs targeting unanchored regions (Song et al. 2013). SNP arrays are then used to 
conduct multiple studies, such as gene characterization and for genome wide association study 
(GWAS) (Alekcevetch et al. 2019).  
 
In discovering novel SNPs however, SNP arrays are not suitable to be used. SNP arrays are 
designed to have probes designed with a priori knowledge of the SNP sequences. Hence, the 
whole genome reads are required to conduct this task (Trick et al. 2012). Whole-genome reads 
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can come in the form of short reads with read lengths of 100bp – 150 bp (Eren et al. 2013) or 
long reads with > 200 bp reads (Jain et al. 2018). These whole-genomic reads can be 
processed through multiple variant calling methods, including that of alignment or assembly in 
nature (Xu et al. 2018). We use whole-genome reads for two main reasons, it can be used to 
detect novel SNPs and its wide coverage. 
 
Next-generation sequencing 
The decrease in cost of genomic sequencing due to the advent of next-generation sequencing 
methods has explained the rise of popularity for using whole-genome sequencing data (WGS). 
As described before, whole genome sequencing data are more versatile than arrays, leading to 
new discoveries that can be applied to improving agriculture, healthcare and eventually overall 
life quality.  
 
Next-generation sequencing was first documented in 2006, with the advent of DNA sequencing 
machines that rapidly detect sequencing by synthesis (SBS) (Mardis 2017). SBS utilizes 
nucleotides that each emit a different fluorescent signal when incorporated into the synthesizing 
DNA strand (Fuller et al. 2009). With the use of microscopic optics, these specific signals from 
each nucleotide added, the DNA sequence can be rapidly recorded and done in bulk (Mardis 
2017). Historically, devices that utilized this method consisted of machines developed by 
companies such as Roche (454 pyrosequencing), Illumina (Solexa 1G), Ion Torrent (PGM), and 
Qiagen (Gene reader). Commonly, the first generation of SBS used read lengths of 100bp – 
150bp, but sometimes, such as Roche’s 454, could reach read lengths up to 400 bp (Mardis 
2017). Another common method in next-generation sequencing was sequencing by ligation 
(SBL). Similar to SBS, SBL uses short reads, commonly shorter than SBS with read lengths up 
to 75 bp (Mardis 2017). However, SBL utilizes the emission of signal during the activity of DNA 
ligase. For this reason, SBS has been claimed to be more accurate compared to SBL (Mardis 
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2017). Next-generation sequencing is now widely used, and is almost all now of the SBS type, 
which is continually improving with longer read lengths and higher accuracy (Mardis 2017). 
 
Additionally, there is another set of methods of sequencing that are rising in popularity, Single 
Molecule Sequencing (SMS). Unlike SBS and SBL, where the read lengths are only in the range 
up to 400 bp, newer “long read” SMS methods can produce sequence read of much larger DNA 
molecules, with lengths up to 40,000 bp. Commercially, common devices to conduct SMS 
consist of machines produced by Helicos, Oxford Nanopore (MinION) and Pacific Biosciences 
(SMRT). However, it has also been documented that SMS platforms pose challenges in 
detecting low level signals for individual molecules leading to higher error rates than SBS 
technologies (Mardis 2017). Therefore, there is a trade-off between using short-reads via SBS 
or SBL with lower error rates but shorter contiguous sequence and using long-reads via SMS 
with higher error rates but longer contiguous sequences length. 
 
Short variants 
Short variants, such as insertion-deletions shorter than 50 bp and SNPs often are used in 
abundance as markers to identify regions in the genomes associated with desired traits, 
including quantitative trait loci (QTL). Markers throughout the genome are then selected based 
on its linkage disequilibrium (LD) with the trait due to its abundance and relatively less 
computationally-intensive discovery method. In soybean, many desired traits are associated 
with short variants, motivating our approach in discovering short variants (Nadeem et al. 2018).  
 
Based on previous studies, a collection of different algorithms for conducting short variant 
calling have been developed. In short reads particularly, before variants are called, generally 
there are two previous steps that are involved: pre-processing and alignment (Xu et al. 2018). In 
the pre-processing step, low-quality reads are removed based on their quality score related to 
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various factors. The reads then are processed in using alignment-based or assembly-based 
methods (Wu et al. 2019) before analyzing with variant calling programs, usually either using 
alignment-based or assembly-based method (Wu et al. 2019). From a high-level perspective, 
alignment-based variant calling, as the name states, allows each read to be aligned to the 
reference sequence, and differences between the reads and the reference are then called. Well-
known alignment programs usually use either Burrows-Wheeler Transformation algorithms 
(BWA, SOAP2, Bowtie2) or hash-tables indexing methods (Novoalign, GSNAP) (Wu et al. 
2019). Once the reads are mapped to the reference sequence, different variant calling programs 
with varying algorithms in detecting single nucleotide variants (SNV), short insertion and short 
deletions are available (Xu et al. 2018), such as FreeBayes (Garrison et al. 2012) and SAMtools 
(Li et al. 2009). In contrast to alignment-based variant calling, assembly-based variant callers 
are also available. Instead of mapping the reads directly to the reference sequence, the reads 
are used to construct de novo assembly first, before mapping the de novo assembly to the 
reference sequence. Some well-known examples of programs that use assembly-based 
algorithms include FermiKit (Li et al. 2015), Cortex-Var (Iqbal et al. 2012), where whole genomic 
reads are used to construct de novo assembly, then maps the assembly to the reference 
sequence. Short variant calling methods aforementioned have been shown to be useful in 
detecting variants in plants, benchmarks and comparisons of the programs have also been well-
documented (Wu et al. 2019). 
 
Structural variants 
Large structural variations (> 50bp), mostly classified to insertion-deletion, translocations and 
copy number variation (CNV) with possible lengths up to more than ~50,000 bp or more, are 
often manifestations of transposable element activity (Alkan et al. 2011, Anderson et al. 2014). 
Detecting structural variations is more complicated, and requires computationally intensive 
problems that require more intricate methods and resources that yield novel variants that may 
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not be detected with regular alignment-based methods (Iqbal et al. 2012). Our study aims to 
discover variants for both short and long structural variation in 481 soybean germplasm lines 
from available whole-genomic reads. 
 
Due to the different lengths of structural variants and short variants, different algorithms and 
approaches are necessary to properly detect structural variants. De novo assembly variant 
calling methods, such as Cortex-var (Iqbal et al. 2012) and FermiKit (Li et al. 2015) are able to 
detect both short and structural variants. Other frameworks in detecting structural variants 
include probability-based paired-end analysis programs such as LUMPY (Layer et al. 2014) and 
alignment-based programs such as Sentieon DNAScope (Freed et al. 2017). De novo assembly 
variant callers such as Cortex-var has the ability to output the sequence of the structural 
variants, while alignment-based program such as Sentieon DNAScope only gives information 
regarding the location and the length of the structural variants. Due to the nature of transposon 
activity in the soybean genome (Du et al. 2010), detecting structural variants in soybean has 
been a common subject of interest. Some of the past studies include copy number variation at 
Rhg1, known for nematode resistance in soybean (Cook et al. 2012) and structural variants 
associated with NAP1, a locus responsible for trichome shape (Campbell et al. 2016). 
 
METHODS 
Data retrieval and preparation 
Our study used whole genome sequencing Illumina paired-reads from 481 soybean germplasm 
lines with genome coverages ranging from 15X to 40X (Valliyodan et al. 2016) and from an 
unpublished study with NCBI SRA accession PRJNA384190. The data consisted of trimmed 
reads of 100 – 150 bp in length and made available in NCBI. The data was retrieved from 
NCBI’s GenBank Sequence Read Archives (SRA), SRP062245 and SRP105183. We used SRA 
Toolkit to download, decompress the 481 accessions to FASTQ format and store it in our local 
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cluster storage. All of our variant calling methods were conducted relative to the soybean 
reference genome sequence of Williams 82 whole genome sequence under accession 
PRJNA19861 by US DOE Joint Genome Institute, downloaded from NCBI (National Center for 
Biotechnology Information). 
 
Sentieon variant calling 
We performed variant calling on all 481 soybean lines using the Sentieon software package. 
Sentieon performs variant calling by the means of alignment to reference. Specifically, 
Haplotyper variant caller in Sentieon follows the Genome Analysis Toolkit (GATK) best practices 
pipeline for alignment-based variant detection (Van der Auwera et al. 2013). Sentieon re-
implements the GATK best practices pipeline in a lower-level language that makes the run-time 
much faster, allowing swift completion of this project (Freed et al. 2017). 
 
In addition to Haplotyper variant caller, we use DNAscope variant caller algorithm from Sentieon 
to identify structural variants in our 481 germplasm lines. DNAscope has the ability to identify 
parts of the genome containing structural variant calls using a machine learning model to 
analyze paired end data (Kendig et al. 2019). In contrast to cortex var, DNAscope uses the 
output from the first three steps in GATK pipeline: mapping read to reference, metrics 
calculation, and deduplication. From the output of these three processes, DNAscope then calls 
structural variants with specific lengths and locations. Although DNAscope has shorter run-time 
compared to Cortex-var and less computationally intensive, DNAscope does not provide the 
sequence of the structural variant. For this reason, variant calls from DNAscope are available 





Cortex-var structural variant calling 
This project uses Cortex-var as the main software in running structural variant calling. Cortex-
var conducts variant call via the construction of de Bruijn graphs of individual lines, similar to a 
common genome assembly method, allowing de novo variants to be detected in contrast to the 
more common alignment-based methods (Iqbal et al. 2012). Cortex-var is performed in local 
supercomputing clusters with different job schedulers, iForge HPC cluster at National Center for 
Supercomputing Applications (NCSA) and biocluster at HPC cluster at Carl R Woese Institute 
for Genomic Biology (IGB) at the University of Illinois at Urbana-Champaign, which poses a 
challenge in parallelization. Responding to this challenge, in this study we develop a structural 
calling pipeline using Nextflow workflow management language to allow easy-to-perform 
parallelization in computing clusters in conjunction with Cortex-var (Di Tommaso et al. 2017). 
Combined with Nextflow, the pipeline allows detailed configuration that allows the user to 
specify the cluster, memory, wall time, and other generic configuration of cluster scheduler 
software such as PBS/Torque, Slurm, Moab, etc. Additionally, Nextflow also allows seamless 
parallelization in job processing, allowing our Nextflow pipeline to be used by others flexibly in 
different cluster systems. 
 
The Cortex-var pipeline consists of six main steps, starting from preprocessed reads to variant 
calling files at the end (Figure 1.1). In Cortex-var the fastq sample paired-reads and the 
reference fasta file are first converted to de Bruijn graph. Cortex-var then cleans the sample 
graph by removing error k-mers based on its coverage. Cleaning the sample graphs allows 
quality control of the sample reads after they are converted to de-Bruijn graphs. The cleaned 
sample graphs are then lined up against reference de Bruijn graphs, where large variants can 
be detected from path divergence. In contrast to alignment-based variant calling, Cortex-var is 
not restricted to read alignment to the reference FASTA file, allowing variants not detected by 
alignment-based variant caller methods to be identified. 
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Cortex-var is resource-intensive, for both computational resources and time. The 481 samples 
run through this pipeline, each germplasm line requires approximately 10 hours to run, and 
requires more than 100 GB of memory for each de-Bruijn graph building for our ~17x average 
coverage reads, hence justifying our choice of conducting this study in HPC clusters. 
 
RESULTS 
Nextflow Cortex-var Pipeline 
In our study, Cortex-var was run across multiple nodes and multiple HPC clusters for multiple 
hours, Nextflow, a cluster workflow management language, was used to facilitate this process. 
In the process of running Cortex-var, we also created a Cortex-var pipeline written in Nextflow 
for other researchers to use. Our implementation requires three main components: fastq reads 
of the sample files, reference fasta files, and a filled configuration file specific to our 
implementation. The configuration file of our implementation require the user to fill in the specific 
parameters relating to the system or cluster the user is running the pipeline on and specific 
Cortex-var parameters. 
 
We provide detailed instructions and documentation from installation, data preparation, data 
organization, configuration file parameter details, helper scripts to calculate Cortex-var 
parameters, executing the workflow, logging functionality, and output structure. We made this 
pipeline publicly available and encourage the usage of this pipeline as it is designed for the 
simpler usage of Cortex-var in high performance computer clusters. The code and full 






Sentieon short variants discovered 
Sentieon Haplotyper implements GATK variant discovery pipeline in a more efficient way, 
resulting in less time and memory required for the short variant runs of the 481 germplasm 
accessions (Freed et al. 2017).  For this reason, Haplotyper variant caller was the GATK 
software package used to discover variants in the 481 different soybean germplasm accessions. 
Haplotyper produced VCF files of the germplasm accessions, which were filtered and parsed to 
get a detailed look on the variants. We found in total, short variant counts ranging from 334,753 
variants to 5,393,197 variants with a median of 2,728,393 variants called per accession(Figure 
1.2). Interestingly, there was a large gap between the minimum and the maximum number of 
variant counts, with accessions PI542044 and PI 407307 respectively. 
 
We also find that SNPs were much more frequently detected compared to other types of short 
variants, insertions and deletions (Figure 1.3). The mean counts for insertions and deletions 
were 215,568 and 230,609 variants respectively, while the mean SNP count was 2,400,471, 
more than 10 times the number of insertion and deletion counts. The difference may be 
attributed to the underlying biological mechanisms of SNP variation making it a frequent 
mutation type in comparison to other short variants.  
 
Cortex-var structural variants discovered 
We used a Cortex-var pipeline from de Bruijn graph creation from reads to structural variant 
discovery using a path divergence algorithm (Figure 1.1). The variants called by Cortex-var path 
divergence also include SNPs and short insertions and deletions, but it is not optimized for short 
variant detection as it is less efficient compared to GATK alignment-based pipeline in terms of 
computation and time. A minimum of 50 nucleotides was the threshold of our structural variants, 




Figure 1.1: Cortex-var structural variant calling pipeline from sequencing reads (fastq) to variant 
calling files implementation in Nextflow. Nextflow allows effortless parallelization of job scheduling for 
different scheduler software for both in supercomputer cluster and cloud computing. Cortex-var processes 
input sample files and creates de Bruijn graphs for both germplasm accessions reads and reference fasta 
file and checks for difference in paths between the de Bruijn Graphs (Iqbal et al. 2012). The differences in 
paths are then recorded in cortex variant call files, which are mapped back to the reference fasta file and 
converted to conventional variant call file format (.vcf) files. 
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Figure 1.2: Total short variant counts called by Sentieon Haplotyper variant caller algorithm on 481 
soybean germplasm lines whole-genomic reads. Sentieon Haplotyper uses alignment based GATK 
variant calling pipeline and yields extreme differences in total short variant counts in our 481 germplasm 
accessions reads. Large differences in total variant called within the 481 germplasm accessions can be 
seen may be explained by differences in distance from the reference genome Williams 82, where lines with 
lower number of variants called might be more closely related to the reference genome and lines with higher 




Figure 1.3: Boxplot for counts of insertion, deletion, and SNP in 481 Soybean germplasm 
accessions. The differences in the mean between insertion, deletion counts with SNP counts are visible. 
SNPs are known to be a more common short variant compared to insertions and deletions, so this result is 
consistent with prior knowledge regarding short variants. We identify some variants are outliers for deletions 
and SNPs, as they have extremely high variants detected, and not many outliers are detected for short 
insertions. 
 
Across 481 soybean germplasm accessions, we find that Cortex-var variant structural variant 
counts are much lower in number than Sentieon Haplotyper short variant counts, with a mean of 
4,011 variants and a median of 3,972 variants (Figure 4), compared to Haplotyper variant 
counts, which reside in the 106 range of counts magnitude. Similar to short variants, some 
accessions have much higher structural variant counts detected than others. Cortex variant 
counts ranges from 9,936 (PI54901) to 742 (PI591539).  
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All 481 soybean germplasm accessions were processed through Cortex-var and two vcf files for 
each germplasm were produced: raw vcf and decomp vcf. From the two vcf, we chose decomp 
vcf as recommended by the authors, as it has been run in the Needleman-Wunch alignment 
algorithm, allowing the vcf to be more robust (Iqbal et al. 2012). Total variant counts (Figure 4) 
and variant counts for specific ranges (Figure 5) are aggregated from all 481 decomp vcf files 
after undergoing size filter of 50 nucleotides. Cortex-var finds a high number of smaller 
structural variants (0 bp – 20,000 bp) with some very-large structural variants (> 180,000 bp). 
Although Cortex-var has been known to be biased to detecting larger deletions compared to 
large insertions, variant sizes 20,000 to 80,000 have more insertions detected than deletions 
(Figure 5) (Iqbal et al. 2012).  
 
DISCUSSION 
We show there are differences within the 481 soybean lines for the number of short variants and 
structural variants (Figure 1.2, 4). These differences in variant numbers detected may be 
attributed to the number of differences in the genomic sequence between each sample with the 
reference genome Williams 82. These differences might reflect the evolutionary distance 
between the genome of each germplasm line and the reference genome. We further explore 
these differences in the context of relatedness in Chapter 2 of this thesis. 
 
Additionally, we also show differences in counts for different variant sizes from Cortex-var and 
while the counts for variants of size 20,000 – 80,000 bp is high, variants of sizes 0 - 20,000 bp 
dominate the numbers of variants called (Figure 5). We propose the large number of smaller 
variant sizes detected is mostly caused by transposable element activity. Retrotransposons, a 
common class of transposons copy themselves in different parts of the genome and are known 
to have an average of about 6kb in length, explaining the high frequency of structural variant 
size detected between the 0 to 20,000 bp (Pray, 2008). Additionally, the activity of transposons 
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is well-studied and has been documented in soybean (Du, 2010). We further explore the 
transposon activity in different soybean lines and relatedness in Chapter 2. 
 
Figure 1.4: Total Cortex-var structural variant counts (size > 50nt) called on 481 soybean 
germplasm whole-genomic reads. Cortex-var structural variant calls vary across different germplasm 
accessions, ranging from 742 to 9,936. These differences may be addressed to differences in 
transposable element activity across different germplasm accessions. 
 
In addition to the codes to our Nextflow Cortex-var pipeline, we also made available our variant 
calling results. The total size of our variant calling outputs is 1.6 TB and are thus not hosted 
online. All resulting variant calling files for Sentieon Haplotyper, Sentieon DNAScope, Cortex-
var raw and decomp vcf are stored in our local storage and are available upon request. We 
decided not to filter the variants in any way as it allows more flexible downstream data-
processing, such as variant quality filtering, LD pruning, etc. 
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Figure 1.5: Variant sizes, counts, and types of structural variants with minimum length 50bp called 
by Cortex-var path divergence variant caller. Cortex-var calls most of the structural variation within the 
0 – 20,000 bp size range, which might be addressed to retrotransposon activity. Cortex-var also performed 
similarly in insertion structural variant detection compared to deletions, despite prior description regarding 








CHAPTER 2: DOWNSTREAM ANALYSIS OF SHORT AND STRUCTURAL VARIANT 
CALLING IN 481 SOYBEAN LINES: TRANSPOSABLE ELEMENT ANALYSIS 
 
BACKGROUND AND MOTIVATION 
Overview 
Soybean (Glycine max) is an important oil crop that is planted worldwide at a total of 336.6 
million metric tons in production with Brazil and the United States leading the productions with 
123 and 96.6 million metric tons respectively in 2019 – 2020 (USDA). Native to East Asia, 
soybean is a well-known source of protein, examples includubg natto (East Asia), tofu (East 
Asia), tempeh (Indonesia), etc. In addition to a protein source, more customers are becoming 
attracted to soybean as it provides low calories and numerous health benefits, which has driven 
the soybean food consumption up nearly 13 percent from 2010 to 2016 in the United States 
(Shahbandeh, 2019). In addition to being an important protein source for humans, soybean is 
widely used as a mix in cattle and poultry feed with approximately 43 million metric tons of 
soybean meal produced in 2014 (NOPA, 2015). Finally, soybean oil is used in cooking and food 
processing, and is also an important biofuel and bioproduct crop. With an increasing trend in 
soybean demand, yield is a highly important trait that motivates many soybean genetics and 
breeding studies. 
 
In the United States, soybean is well-known to be involved in the corn-soybean or corn-
soybean-wheat rotation scheme in farming (Rathke et al. 2007). Species from the Rhizobium 
genus of bacteria performs mutualistic symbiosis with soybean to allow nitrogen-fixing from the 
atmosphere to the soil; consequently, reducing the need for synthetic fertilizer and long-term 
detrimental impact of farming to the soil (Maier et al. 1978). This property of soybean makes 
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soybean one of the most important crops in the United States, not just from the production level, 
but also from the operational standpoint. 
 
Climate change has led to higher carbon dioxide levels, higher temperatures and more frequent 
extreme conditions such as drought, affecting soybean production and inducing stress 
responses, leading to reduced yield (Eastburn et al. 2009, De Ronde et al. 2004). Additionally, 
pest activity is predicted to be more prevalent in higher carbon dioxide and temperature, also 
affecting soybean production (Trumble et al. 2009). All of these factors combined motivates 
studies for developing soybean lines with high abiotic and biotic stress tolerance and resistance. 
The initial steps in developing such soybean lines involve understanding its genetics and the 
specific regions of the genome that are responsible or associated with traits of interest, such as 
can be achieved through mapping, genome wide association studies (GWAS) or marker-
assisted selection (MAS). Past mapping studies have identified regions related to stress 
responses and pest resistance in soybean, such as Rhg1 nematode resistance genes (Cook et 
al. 2012), GmHSFA1 drought tolerance gene (Chen et al. 2006), and other functionally 
characterized regions. There are also studies identifying quantitative trait loci (QTL), regions in 
the genome associated to traits such as resistance to Sclerotinia sclerotiorum (Guo et al. 2008) 
and resistance to Phytophthora sojae (Burnham et al. 2003). 
 
High demand for production, increasing trends, and importance in farming practices make 
soybean a highly important crop, and therefore our subject of interest in this study. Additionally, 
although single nucleotide polymorphism (SNP) diversity in soybean has been relatively well 
characterized, structural diversity has not. With population studies of different soybean 
germplasm lines with a focus on transposon activity, we aim to make our study useful in 
assisting the development of soybean lines for different purposes. 
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Genome architecture and transposable element activity in soybean 
The soybean genome has a length of 1.1 billion base pairs based on the whole-genome DNA 
sequence assembly (Schmutz et al. 2010). It has been found that, partly due to multiple 
genome-duplication events, the soybean genome contains many repeated sequences (Wendel 
et al. 2016), with the majority of genes (~75%) are present more than once (Scmutz et al. 2010). 
These multiple genome-duplication events lead to polyploidy, and likely were followed with 
genome merging and doubling, allowing soybean to become genetically diploid despite 
duplication events (Wendel et al. 2016). 
 
Transposable elements, another source of repetitive sequences, are also highly prevalent in 
soybean. In fact, these components have been documented to be most abundant not only in 
soybean, but in all higher eukaryotes that have been characterized (Du et al. 2010). 
Transposable elements have also been shown to have a major role in gene regulation, 
expression, and mutation (Du et al. 2010). Additionally, these transposable elements are 
capable of conducting movements of sequences from one part of the genome to another. Class 
I transposable elements, retrotransposons, copy the original sequence and insert the new 
copied sequence to another position in the genome. On the other hand, Class II transposable 
elements, DNA transposons perform a ‘cut and paste’ operation: instead of copying, one part of 
the genome is removed and inserted into another part (Wicker et al. 2007). It also has been 
documented that the length of the sequences moved varies from as little as 5 bp to many 
kilobases (Wicker et al. 2007). Additionally, previous studies have compiled different families 
and classes to different databases, such as the general transposable element database from 
Repbase (Jurka et al. 2005) and soybean-specific transposable element database SoyTEdb (Du 
et al. 2010). 
 
 21 
In a previous study, a structural variant was found to be responsible for a high protein 
phenotype in soybean (Fliege 2019). Interestingly, the author noted that the no variant from 
GATK alignment-based variant calling method is in linkage disequilibrium with the trait, hence 
the causal variant for this trait was not found until fosmid walks were performed (Fliege 2019). 
We propose that there are possibly other traits that are not associated with any short-variants or 
not in linkage disequilibrium with short variants. From the study we referred to, we highlight the 
importance of structural variant calling and transposon analysis. Hence, we called structural 
variants using a non-alignment variant calling method in addition to the alignment variant calling 
method for 481 soybean germplasm lines. From the structural variant calls, we analyze 
transposon activity in different soybean germplasm lines and compare the lines known to be 




We conducted downstream analysis on 481 soybean germplasm accessions described in 
chapter one using both short and structural variants (Figure 6). Given the variant calling files 
generated in chapter one, short variant calls were filtered to only contain SNPs and were LD-
pruned, so the variants of the same haplotype block will not be counted twice. Post-pruning, we 
conducted principal component analysis (PCA) on the SNPs for all 481 samples, which will be 
useful later on in cross validating the transposable element calls. For the structural variant 
calling files, we first filtered the structural variant calls by size, including only variants above 50 
nucleotides and filter for transposable elements. We further filtered the structural variants for 
specifically class II transposable elements (DNA transposons), and count them in all 481 
samples. The count for each of the 481 samples can be mapped together with the PCA to see 
how similar transposon activities are within a group of lines known to be related to each other. 
After comparing with the SNP-based PCA, we conduct transposon frequency analysis, 
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comparing elite lines and G. soja lines, checking for variants that are statistically less or more 
frequent in one group or another. 
 
Post-detection short variant processing 
Despite the focus of this chapter being transposon analysis, we also conducted short variant 
detection post-processing to have a comparison between the structural-variant results and the 
short-variant based results. Specifically, we use SNP pruning and PCA on the pruned SNPs to 
check if the lines known to be similar to each other were closer or clustered together in a PCA 
plot, then used the same plot as a basis for the transposon analysis later on. This post-detection 
variant processing started by filtering out the non-SNPs from the variants in short variant vcf 
files, followed by LD-pruning and PCA. We decided on using only SNPs due to their abundance 
compared to insertion and deletion, and also for their high variability among samples (Figure 
1.3).   
 
SNP pre-processing 
We pre-processed the SNPs from the output of Haplotyper (detailed in chapter one) using bash 
shell scripts, specifying only to keep lines that contained the same length of reference and 
alternate allele, thus only leaving SNPs in the processed vcf file. We continued by combining 
481 different vcf files into one large vcf file (136 GB) using Genome Analysis Toolkit (GATK) by 
Broad Institute (Poplin et al. 2017). In detail, we used the functionality of GATK 
“CombineVariants” which takes in individual vcf file, compares to reference fasta file, and 
considers the absence of variant called as N/A, represented as a dot (‘.’) as the genotype in the 
combined variant file. We modified the output combined vcf file by replacing missing entry  
genotypes (./.) with 0/0. By replacing missing values with same as reference values, we make 
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Figure 2.1: Pipeline of post-variant calling transposon analysis. VCF files produced from short and 
structural variant calling described in chapter one are further processed for transposon analysis. The 
short variants undergo SNP pruning and principal component analysis (PCA) for cross-checking with the 
structural variant calls. The structural variants are filtered for transposable elements (TE), then specifically 
filtered for Class II TE (DNA transposons). Class II transposons will be counted for each line and will be 
mapped, in the PCA plot based on short variant VCFs. Further statistical analysis on the DNA 
transposons comparing elite line and Glycine soja lines will be conducted and continued with event-
specific analysis for interesting variants. 
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the assumption that when no variant is called in a particular site for a given germplasm line, we 
consider it as having the same genotype as the reference genome Williams 82. This process 
took a few hours to run and we used a compute node in Biocluster, a supercomputer cluster at 
the Institute of Genomic Biotechnology (IGB) at Illinois. 
 
SNP LD-Pruning 
Post-detection short variant processing was continued by conducting LD-pruning on the 
combined VCF file. Linkage-disequilibrium pruning (LD-pruning) was used to avoid using SNPs 
that are in the same haplotype, known to be inherited together multiple times. In the event 
where LD-pruning was not conducted, the PCA plot may yield different results. In the process of 
LD-pruning, we utilized the R-package SNPRelate (Zheng et al. 2012). The package SNPRelate 
required the VCF file to be converted to the specific data structure SNPRelate uses, namely gds 
format. We noticed that the gds data structure was much smaller in size and allowed quick 
retrieval and operations on the SNPs. We continued then to conduct LD-pruning using the 
function snpgdsLDpruning from the same package. Specifically, the parameters we used for the 
LD pruning were to use the ld.threshold of 0.5 with 35 threads. Although there are arguments for 
having a higher threshold for this procedure, we considered the number of SNPs that are 
available and decided not to be too restrictive when setting the threshold. Since this process 
was also run on a compute node in the Biocluster, we were able to run it in a multi-threaded 
process, allowing the LD-pruning to be faster. 
 
PCA 
The next step in short variant post-detection method was to use principal component analysis 
(PCA) (Ringnér 2008). In general, PCA is a dimensionality reduction method that performs 
orthogonal transformation on the observed data with multi-dimensional features, and allows the 
observations to be represented by a new set of basis vectors, namely the principal components 
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(PC). These components were ranked from 1 to n – 1, where n was the number of features and 
PC 1 had the highest variance described on the dataset. By using the top 2 PCs in the resulting 
dataset after applying PCA, we could plot the germplasm lines in a two-dimensional scatter plot 
without losing distance information from the original dataset. 
 
In our case, we first converted the genotype-based .gds file into a dosage matrix, where we 
coded the genotypes as 2, 1, 0 as representative of the genotype of a site (Figure 2.2). We 
performed this conversion using the package SNPRelate command snpgdsGetGeno. With the 
dosage matrix, each SNP is treated as a feature, and a germplasm line is treated as an 
observation. We proceeded with PCA by using the function prcomp in R, which gets all 1 to n-1 
principal components of the dosage matrix described. 
 
Figure 2.2: Conversion from .gds file to dosage matrix using function snpgdsGetGeno from 
SNPRelate. PCA command prcomp in R requires an input of a matrix-like object that stores features and 
observation of a features. We treat SNP genotypes as features and germplasm lines as observations. 
 
Post-detection structural variant processing 
Structural variant post-processing analysis is the core of chapter two. Using vcf files from 
Cortex-var de novo assembly structural variant calling pipeline described in chapter one, we 
analyzed the transposable elements within all of 481 soybean germplasm accessions. We 
conducted multiple filtering based on available transposon data, starting with only retaining 
transposable element-based variants, then continued with more specific filtering for class II 
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transposable elements, DNA transposons. From the remaining variants, we conducted 
statistical analysis based on the number of DNA transposons in different lines and visualized 
them in conjunction with the PCA plot based on the SNPs previously described. We further 
statistically analyzed the difference in specific structural variant frequencies between elite lines 
and G. soja and pinpointed the regions where the differences in variant frequency were 
statistically significant between the two groups. 
 
Transposable element filtering 
The initial step in the post-detection structural variant processing is transposable element (TE) 
filtering from Cortex-var output described extensively in chapter one. The aim of this step is to 
keep structural variants that are caused by transposable element. We only kept the variants that 
have the quality ‘PASS’, described by Cortex-var as variants with fairly high confidence, 
together with minimum length of 100 nt.  
 
From the remaining variants, we used Basic Local Alignment Search Tool (BLAST) for matching 
variant sequences to transposable element database downloaded from Repbase (Jurka et al. 
2005). Repbase provides a downloadable fasta file containing different transposable elements 
from different species, which will be treated as our search space for variants. Each of the filtered 
variants is converted to fasta file using a shell script and queried them against the Repbase 
fasta file using BLAST. Specifically, we use the e-value of 10e-15 as confidence threshold as 
we would like to be more confident that the matching variants are not due to coincidence. The 
output blast files contain the information regarding the type of transposable element family, such 
as LTR, Gypsy, Copia, etc. as well as the species it has been identified from. 
 
We produced 481 different BLAST output files, corresponding to each soybean germplasm 
accession genome’s matches to different transposable elements. Blast output files were parsed 
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using shell scripts to summarize the blast outputs, specifically by getting the variants that are 
found to be matching to a TE and getting the top matching TE for each variant while also 
preserving the genomic positions. From described summary files, we were able to easily extract 
different kinds of information we need, such as filtering for DNA transposons, which are the TE 
class we are most interested in. 
 
DNA transposon mapping in PCA plot 
The aim of this procedure is to visualize the abundance of DNA transposon in different soybean 
line groups. We conducted this step by taking the transformed data relative to the principal 
components conducted using SNPs, use the first two principal components and plot the 
samples in a 2-D scatter plot. We then take the DNA transposon counts in each of the sample 
and color each point in the scatter plot and turn it into a heat-scatter plot. We mark high DNA 
transposon counts as dark red, and low DNA transposon counts as white (Figure 2.7). 
 
Transposon frequency analysis  
The objective of transposon frequency analysis is to get specific variants, or rather DNA 
transposon events that are more frequent in one group or another. We define a DNA transposon 
event as a variant that matches DNA transposon by BLAST with a specific chromosome and 
position location in the genome. For each blast output file, we parsed the files and created a 
presence-absence matrix with dimension 481 x N, where N is the number of the union of events 
across all 481 lines (Figure 2.3). We proceed to group the lines based on their type, either 
belonging in elite line or G. soja. For each event, we summarize the event by getting the group 
frequency, then conducted a binomial test to statistically assess whether the event frequency 
was significantly different from the two groups or not. Given the abundance of the number of 
events, we conducted both Bonferroni correction (Bonferroni 1936) and Benjamini – Hochberg 
 28 




Based on the statistical analysis comparing the frequency of events between elite and G.soja 
lines, we pinpointed the specific events that were statistically more frequent in elite or G. soja 
and conducted event-specific analyses. The event-specific analyses mainly covered the 
biological impact of the event might have to the line, such as insertion or deletion within a 
coding region of an essential gene which might influence the metabolic processes of the line. In 
other words, the event-specific analysis is focused on finding the functional impact the event 
could have on a line. In conducting this analysis, we used general feature format (GFF) file 
downloaded from SoyBase genome annotation page and searched for genes that were involved 
in statistically notable events. Furthermore, we used the set of genes for gene enrichment 
analysis to get an understanding of the biological process, cellular component affected, and 
molecular functions of the genes annotated in SoyBase. 
 
RESULTS 
Transposable element hits across 481 germplasm accessions 
Figure 2.4 shows the total transposable element hits across 481 germplasm accessions, 
combining both Class I and Class II transposable elements (Figure 2.4). The magnitude of the 
transposable element hits across the germplasm accessions were much smaller compared to 
the total Cortex-var variant counts (Figure 1.4). Specifically, the mean number of transposable 
element hits was 656.4 hits per line compared to 4,011.2 structural variants detected by Cortex- 
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Figure 2.3: Presence - absence matrix for transposon event analysis. We combine all DNA 
transposon events in all 481 lines and construct presence-absence matrix for further statistical analysis, 
where 0 or 1 codes for absence and presence of an event respectively. Using this matrix as the starting 
point, we group lines to elite and G. soja lines and conduct statistical evaluation comparing the frequency 
of events in both groups. 
 
var per line, which means about 16% of structural variants detected were detectably variants 
from transposable elements. Similar to Cortex-var structural variant calls across different 
germplasm accessions (Figure 1.4), TE hits also varied, ranging from 117 to 1,458 hits. We 
showed Gypsy, Copia, LTR, and RTE dominated the transposable element variants, all of which 
are retrotransposons, leaving only a fraction of the variants detected by Cortex-var being due to 
DNA transposons.   
 
We further filtered the variants to only include DNA transposons (Figure 1.5) and we observed 
an order of magnitude decrease. We find the mean number of hits for DNA transposons in 481 
lines to be 32.3 DNA transposon hits per line with a median of 29 hits, which accounted for an 
average of 4% of all TE hits. Specifically, we show the superfamilies of DNA transposons that 
were identified and available in the repbase fasta file, consisting of EnSpm/CACTA, Harbinger, 
Helitron, Mariner/Tc1, MuDr and hAT. We still saw the large range of variation in DNA 
 30 
transposon hits between the germplasm accessions, which was consistent with total Cortex-var 
structural variants and TE hits.  
 
DNA transposon hits in different groups 
The original 481 soybean germplasm accession sequencing project made available the group 
where each line belongs, including landrace, G. soja and elite lines. Elite lines are the soybean 
lines bred to be high yielding and planted for production. In the plot obtained from conducting 
PCA on the LD-pruned SNP dosage matrix (Figure 2.6), we showed that elite lines and G. soja 
cluster separately. 
 
Figure 2.4: Transposable element hits within Cortex-var structural variants for 481 soybean 
germplasm accessions. TE hits shown is obtained from querying variant sequences to repbase 
transposon database fasta file using BLAST. Total TE hits ranges from 117 to 1,458 hits with mean of 
656 hits per line, which is on average, 16% of total Cortex-var structural variants. 
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while landrace lines are mixed together with both G. soja and elite lines. Since distances 
between points in PCA usually represent evolutionary distance, we suggest that elite lines and 
G. soja lines are genetically more closely related to each other within the group than between 
groups based on the LD-pruned SNPs. 
 
 
Figure 2.5: DNA transposon hits within Cortex-var structural variants for 481 soybean lines. DNA 
transposon hits are visibly less numerous than the transposable elements. In average, we observe DNA 
transposon are responsible for 4% of all transposable element hits. The superfamilies listed are DNA 
transposon superfamilies available after querying the sequence of cortex-variants against repbase fasta 




Additionally, we also show the heatmap of DNA transposon hits for each line, imposed on the 
PCA plot (Figure 2.7). Visual observation of the heatmap shows the higher DNA transposon hits 
in the G. soja lines compared to elite lines. From this observation, we conducted further 
analyses on the DNA transposon hits comparing the two groups by quantity and summarized it 
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on a box plot (Figure 2.7). We observed large differences in DNA transposon hits in elite lines 
with respect to and G. soja, with means of 20.1 hits and 48.2 hits respectively. We conducted t-
test to statistically determine whether the differences between the two groups were significant 
and obtained a p-value of 5.75e-26. We concluded based on the p-value of the t-test, that there 




Figure 2.6: PCA plot with color-labeled germplasm accessions corresponding to respective 
groups. Based on the LD-pruned SNPs PCA, the germplasm accessions belonging to elite lines (blue) 
are grouped together. Similarly, the Glycine soja lines are also clustered together with only some 
exceptions. The landrace lines (grey) are mostly closer to elite lines with some lines being close to 




With the pattern in Figures 2.6, 2.7 and 2.8 showing DNA transposon differences between elite 
lines and G. soja lines, we further explored the specific events that are different between the two 
groups. Unlike the Figure 2.6, we broadened our analysis to cover all TEs instead of only those 
for DNA transposons. The purpose of broadening the TE category for event-specific analysis 
was to find any TE that might be disruptive to specific genes, not limited to DNA transposons. 
We calculated the frequency of each event in each group separately, yielding a matrix of # of 
variants (rows) x 2 (columns). Each row corresponded to each event and each column 
corresponded to frequency of event for each group (Figure 2.9). From the constructed matrix, 
we conducted a two-tailed binomial test to statistically examine whether the event was 
significantly different between elite lines and G. soja lines and used alpha 0.05. Specifically, we 
used the null hypothesis that the probability of an event existing in Glycine soja line was equal 
to the probability of the same event existing in elite line (Eq. 1). We calculated the z statistic 
approximation based on the binomial test as a function of the frequencies of the event and 
sample size of each group (Eq. 2). This approximation has been shown to be useful in 
statistically comparing the proportion or the probability of an event between two groups. 
 
𝐻!: Pr(𝐸")#$%&"'(	*+,- = Pr(𝐸").$"/(	$"'( 
𝐻0: Pr(𝐸")#$%&"'(	*+,- ≠ Pr(𝐸").$"/(	$"'( 
 
From the z-value for each event, we calculate the p-value by integrating the area under the 
curve of the normal distribution curve with mean 0 and standard deviation 1 to the closest 
















Due to the multiple hypothesis problem, we calculated the multiple testing correction p-value 
based on both the Bonferroni correction and Benjamini-Hochberg false discovery rate (FDR). 
We separated the deletion events and insertions to two different plots (figure 2.10, figure 2.11). 
 
Figure 2.7: PCA plot with DNA transposon hits as heat. Based on PCA results from LD-pruned SNPs 
across 481 germplasm accessions, we observe differences in DNA transposons hits for each line. The 
region where the Glycine soja lines are clustered (Figure 2.6) is apparent to have lines containing higher 
number of DNA transposon hits (dark red). In the other hand we observe the region where elite lines are 
clustered (Figure 2.6) to have germplasm lines with lower DNA transposon hits (light red, white). 
 
Across the genome, we found TE-based deletion events (figure 2.10) were much more 
abundant than TE-based insertion events (figure 2.11). Consequently, there were more deletion 
(Eq. 2) 
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events above the Benjamini-Hochberg FDR significance threshold, with 693 deletion events 
compared to 21 insertion events. Since each event was defined by its type and location, we can 
use the location of the event to check whether the event resides within a coding region. 
 
Figure 2.8: Boxplot comparing DNA transposon hits between elite lines and Glycine soja lines. We 
find that Glycine soja contain more DNA transposon hits per line on average compared to elite lines. 
Specifically, elite lines have the mean of 20.1 DNA transposon hits while Glycine soja lines have a mean 
of 48.2 hits. 
 
The events we display are based on structural variants called by Cortex-var with sizes of 100 
nucleotides or larger, making the events unlikely to be non-disruptive. We used gff file 
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annotation downloaded from SoyBase (Grant et al. 2010) to examine whether the events were 
in a gene coding region. 256 events more common in G. soja lines (deletions and insertions 
combined) were found to be in a gene region, while only 4 events more common in elite lines 
were found to be in a gene region. 
 
 
Figure 2.9: Example of event frequency matrix. For each event, we calculate the frequency in each 
group. From this matrix, we calculate the binomial test and check for events that has probability of 
occurring that are significantly different between the two groups. 
 
We further explored the genes potentially to be disrupted by TE-based events using SoyBase to 
find genes that might be disrupted and responsible for essential metabolic processes or other 
biological processes (Grant et al. 2010). In doing so, we use SoyBase to conduct gene 
enrichment analysis on the list of genes we found to be potentially described by the insertion or 
deletion of structural-variant based events (Supplementary materials 1, 2).  
 
DISCUSSION 
Overall, we show that it is possible to distinguish accurately between elite soybean lines, and G. 
soja lines using only structural variant information. To our knowledge, this has not previously 
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been done. We found an expected but interesting difference in structural variants where the G. 
soja lines in particular have an excess of transposon-related structural events that may be 
related to their very different phenotype to cultivated soybean. 
 
Under genes relating to biological processes, we found carbohydrate metabolic process, 
biosynthetic process, embryo development, and lipid metabolic process were the functions that 
were the most common in our list of potentially disrupted genes. Biologically, since elite lines 
are documented to have a higher yield than landraces or G. soja lines, finding genes that affect 
biological processes relating to yield to be disrupted is quite plausible. Specifically, 
Glyma.05g100400 has been identified and annotated several times to be responsible for 
embryo development. Furthermore, the expression pattern of this gene has been found to be 
high in the flower, young leaf, and all stages of the pod shells. Glyma.11g216100 has also been 
identified and annotated to be involved in lipid metabolic processes. The expression patterns of 
Glyma.11g216100 show especially high activity in the pods, pod shells, and leaves (Waese et 
al. 2017). Another notable gene is Glyma.18g149700, with annotations relating to this gene 
being responsible for carbohydrate metabolic process and expressed in all parts of soybean. 
However, the expression pattern was especially high for pod shells, young leaves, and flowers. 
All of these potentially disrupted genes may explain some of the differences in traits we see 
between G. soja lines and elite lines. Since G. soja is the wild progenitor of Glycine max, and 
elite lines are the yield-optimized Glycine max, the yield differences between the two might be 
partly due to these disrupted genes.  
 
Here we provide a framework for structural variant calling in soybean, performed post-variant-
detection analysis and made our findings available. We propose that for future works, gene set 
enrichment analysis could be performed on our findings, allowing more robust understanding of 
the functions the TE-based events might be affecting in the big picture, not just based on few 
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genes. Our findings could also be extended by comparing TE-based events between elite lines 
compared to the landrace lines, as one might argue that G. soja might have major genetic 
landscape differences relative to the G. max elite lines, causing type I error on finding genes 
that might be contributing to the high-yielding elite lines. Lastly, another possible extension to 
our findings is to find other traits in the list of 481 lines that could be interesting to be explored 





Figure 2.10 TE-based deletion events location and equal binomial test significance across the 
genome. We conduct binomial test utilizing normal approximation with assuming for equal proportions 
and calculates the p-value for each TE-based deletion event. We calculate the conservative multiple 
hypothesis correction Bonferroni threshold and the less-conservative method FDR. We observe most of 





Figure 2.11 TE-based insertion events location and binomial test significance across the genome. 
Similar to figure 2.10, we perform binomial test assuming equal proportions for each event and indicate 
the multiple hypothesis corrections Bonferroni and Benjamini-Hochberg FDR. We observe fewer insertion 
events in general and subsequently fewer insertion events that are significantly different between elite 
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APPENDIX A: SUPPLEMENTARY MATERIALS 
 
The supplementary files ‘Supplementary Materials.zip’ contains the tab-separated values (tsv) files of the 
resulting gene enrichment analysis described in chapter 2, page 37. The specific description of the 
supplementary files are listed below. 
 
SUPPLEMENTARY MATERIAL 1: GENE ONTOLOGY RESULTS. This file contains the gene ontology 
results based on the list of genes described to be potentially described by transposable element activity in 
chapter 2. 
 
SUPPLEMENTARY MATERIAL 2: GENES AND ANNOTATIONS. This file contains the annotation of 
each genes listed to be potentially disturbed by transposable-element activity described in chapter 2. The 
file contains the gene name, annotation type, annotation ID, annotation description and annotation 
source, according to Soybase database. 
 
